Operational ground-based measurements of snow water equivalent (SWE) do not adequately explain spatial variability in mountainous terrain. To address this problem, we combine satellite-based retrievals of fractional snow cover for the period 20 0 0 to 2011 with spatially distributed energy balance calculations to reconstruct SWE values throughout each melt season in the Sierra Nevada of California. Modeled solar radiation, longwave radiation, and air temperature from NLDAS drive the snowmelt model. The modeled solar radiation compares well to ground observations, but modeled longwave radiation is slightly lower than observations. Validation of reconstructed SWE with snow courses and our own snow surveys shows that the model can accurately estimate SWE at the sampled locations in a variety of topographic settings for a range of wet to dry years. The relationships of SWE with elevation and latitude are significantly different for wet, mean and dry years as well as between drainages. In all the basins studied, the relationship between remaining SWE and snow-covered area (SCA) becomes increasingly correlated from March to July as expected because SCA is an important model input. Though the SWE is calculated retrospectively SCA observations are available in near-real time and combined with historical reconstructions may be sufficient for estimating SWE with more confidence as the melt season progresses.
Introduction
In the Sierra Nevada of California, most streamflow comes from snowmelt, and in most basins the reservoirs hold little more than average annual runoff, for example the Kings River basin with an April to July runoff volume of 1.3 km 3 and a total reservoir volume of 1.53 km 3 . Point measurements of snow water equivalent (SWE) from snow pillows and transects from snow courses remain the primary source of data about the snow, but those data may not correctly represent the spatial and temporal variability in mountainous terrain. Significant areas lie above the highest snow pillows and courses, which monitor neither moderate nor steep slopes. Knowing the spatial distribution of SWE is necessary to reasonably estimate the partition of snowmelt between evapotranspiration, quickflow, percolation to the ground water, and streamflow. If water managers better understood the distribution of snow and its melt rate, they could better deal with the competing priorities for We address the following questions: (1) How well can the spatial distribution of SWE in the mountains be estimated using space-based remote sensing to reconstruct the post-peak snow accumulation? (2) How strong is the seasonal relationship of SWE to elevation in the Sierra Nevada? (3) How does this relationship differ between basins and among years? (4) What is the relationship between snow-covered area (SCA) and SWE and can SCA be used to estimate basin wide SWE?
Section 2 describes the characteristics of the Sierra Nevada and its basins. Section 3 describes the reconstruction model, the data used to drive the model, and downscaling methods used to distribute the energy balance. In the absence of any method to directly measure SWE over large mountain ranges, reconstruction appears to be the most reliable way to estimate its spatial distribution ( Lettenmaier et al., 2015 ) . Section 4 assesses error and uncertainty in energy balance components, using ground observations where available and a model that couples energy and water balances where observations are not available. Section 5 compares SWE from the reconstruction model with snow courses and snow surveys. Section 6 explores the relationship of SWE with elevation, latitude, and snow covered area.
Study area
The Sierra Nevada maritime snowpack lies primarily in California and encompasses four major drainages ( Fig. 1 (a) ) within which full natural flow calculations are available in 18 smaller hydrologic unit code 8 (HUC8) basins ( Fig. 1 (b) ). Those in the Sacramento and San Joaquin drainages cover 17,560 km 2 and 17,710 km 2 , while those in the Tulare and Lahontan cover 12,590 km 2 and 5730 km 2 . Table 1 shows areas and minimum, mean, and maximum elevations for each HUC8 basin. Basins in the Tulare drainage generally have higher elevations than those in the Sacramento or San Joaquin, while Lahontan basins have the highest elevations but lie on the lee side of the Sierra Nevada. HUC8 basins in the Sacramento, San Joaquin and Tulare drainages drain toward the southwest, with the exception of the Kern that flows southward, while the Lahontan basins drain northeast except for the Owens, which drains toward the south. Table 2 summarizes the primary forms of vegetation in the Sierra Nevada derived from the LANDFIRE dataset's existing vegetation type ( Rollins, 2009 ). Coniferous forest is the primary form of vegetation for every basin except the East Walker in the Lahontan, which has more shrubs than trees. In general, the basin forest cover fraction decreases from north to south, as bare soils, rock outcrops and shrubs are more common at the highest elevations more prevalent in the south.
There is extensive monitoring of snow through snow pillows and courses, as Fig. 1 (a) shows. The Sacramento drainage is the most highly instrumented, while the Lahontan is the least instrumented. Even with extensive monitoring, there is a lack of information about the highest elevations throughout the season. Fig. 2 illustrates the consequences of this lack of information. It shows fractional snow covered area from the Landsat Thematic Mapper (TM) on July 2nd and July 18th, 2011 in the Tuolumne and Merced River basins. On these days significant snow existed at the high elevations, and between the two dates the snow covered area decreased, producing significant melt. Fig. 2 (c) shows the snow pillow observations throughout the season. On July 2nd, only two snow pillows, STR (8200 m) and VRG (9300 m) registered any snow and on the July 18th all snow pillows were bare including the two other moderately high elevation snow pillows, SLI (9200 m) and (DAN 9800 m). A forecast of streamflow that relied on these observations would likely underestimate the likely amount of snow still to melt without the areal information shown in Fig. 2 (a,b) . This lack of information is problematic for the late melt season shown here. At maximum accumulation, the same problem exists and the volume of SWE stored above the snow pillows is an unknown. a The threshold represents the elevation at which SWE reaches a maximum depth ( Section 6 ). 
Reconstruction of snow water equivalent

Reconstruction method
First implemented by Martinec and Rango (1981) , the reconstruction uses the satellite-derived snow cover depletion record of the melt rate to retroactively estimate how much snow had existed at every pixel. The technique has been validated in the Sierra Nevada ( Cline et al., 1998 ) and applied to large basins at multiple scales ( Molotch and Margulis, 2008, Molotch, 2009 ). Recent work comparing forward based modeling and reconstruction suggests that in areas with high precipitation uncertainty, reconstruction provides the best approach for SWE estimation ( Raleigh and Lundquist, 2012 ) . In the Merced and Tuolumne River basins, the snow depletion from reconstruction better matches observed streamflow than interpolation utilizing the snow pillow measurements ( Rice et al., 2011 ) . The widely used SNODAS model performs poorly compared either to reconstruction or interpolation ( Dozier et al., 2016 ) .
We combine both energy balance and temperature index methods to model SWE where the following equation is the basis for reconstruction:
SWE 0 is the initial SWE, at maximum for each pixel, SWE N is the SWE after a series of N melt steps M j , M P, j is the potential melt at time step j and f SCA, j is the fractional snow-covered area at time step j. M P, j is calculated with a combined energy balance, temperature index model ( Brubaker et al., 1996 ) :
m Q is the conversion factor from energy to melt (0 . 26 mm da y −1 per W m −2 ) , R d is the mean daily net radiation ( W m −2 ) , β r is a degree day factor, and T d is the mean daily temperature above 0 °C. For β r we use a common value from the literature of 1.5 mm de g −1 da y −1 ( Molotch and Margulis, 2008, Brubaker et al., 1996 ) . This degree day factor could be calculated with the reanalysis data, however wind speeds from reanalysis are likely to have large errors, and earlier studies have found model performance depends less on the degree day factor when solar and longwave radiation are used in addition to temperature ( Brubaker et al., 1996 ) . In the Sierra Nevada's Tokapah basin located in the Kaweah River basin, turbulent fluxes accounted for only 10% of total melt ( Jepsen et al., 2012 ) . For each year, SWE at its seasonal maximum is created by summing the melt rate from each pixel's date of maximum SWE, calculated from an interpolation of snow pillows, through the day that f SCA for that pixel goes to zero. The interpolation is elevation based and uses Theissen polygons to determine which snow courses and snow pillows are used in the interpolation for each individual basin. Fig. 3 shows the 10th percentile, mean, and 90th percentile dates of maximum SWE for the 12-year period. In general, drier years have earlier maximum SWE, wetter years later. Although April 1st is often thought of as the peak SWE date, Fig. 3 shows significant spatial and interannual variability. Small snowfall events after peak SWE can extend the snow cover later in the season, increasing uncertainty in the estimates. For larger snowfall events after peak SWE, the reconstruction can overestimate peak SWE, but it is worth noting that melt from those events contribute to streamflow.
The 12-year period used in this study captures a large range of variability. Fig. 4 shows reconstructed SWE for a dry year (2007) and a wet year (2011). On April 1st over much of the Sierra Nevada, 2007 SWE is below 750 mm while in 2011 SWE is greater than 20 0 0 mm. Moreover, the Sierra has more snow on July 1st 2011 than two months earlier in 2007.
Previous work on spatial scaling of snow processes indicates that modeling solar and thermal inputs at grid sizes greater than 250 m can introduce biases, particularly in the melt season, and that 100 m grid scale modeling of energy fluxes produces results much like 30 m scale, adequate for runoff forecasting . Therefore, in this study we set the modeling resolution at 100 m. 
Snow cover and albedo
Snow albedo is frequently modeled with an age-based relationship ( U.S. Army Corps of Engineers 1956, Rohrer and Braun, 1994 ) . However, a simple age decay curve does not account for albedo varying both temporally and spatially, depending on topography ( Molotch et al., 2004 ) . Moreover, as time passes, dust and black carbon deposit onto the snow and lower the albedo, increasing the net radiation in the spring. The processes by which albedo changes complicate our ability to model those changes. Grain growth, which causes albedo to decrease in the near-infrared, depends on processes that occur in the snowpack and thus is amenable to modeling based on snowpack temperatures and their gradients ( Flanner and Zender, 2006 ) but contamination by dust or soot is independent of anything going on in the pack and thus must be measured . For our reconstruction model, snow covered area and grain size are derived from Moderate Resolution Imaging Spectroradiometer (MODIS) data using the MODSCAG model ( Painter et al., 2009 ) . The albedo of pure snow is fit to an empirical relationship with grain size and illumination angle. Contamination by dust or soot is less common in the Sierra Nevada than in the Rocky Mountains ( Bryant et al., 2013 ) . The MODIS reflectance data (product MOD09GA) have gaps and errors because of cloud cover, noise, and sensor viewing geometry, so we filter, interpolate, and smooth the time series to produce a best estimate of daily snow cover and albedo ( Dozier et al., 2008 ) . We adjust the satellite-observed snow cover for snow under the canopy ( Molotch and Margulis, 2008, Durand et al., 2008 ) by each pixel's vegetation cover, thereby accounting for forests and for shrubs and grass that are uncovered as the snow recedes. Fig. 5 shows the (a) minimum, (b) mean, and (c) maximum albedo for April 1 for the period of study (20 0 0 to 2011) in locations where snow is persistent (i.e., median snow cover fraction > 0). Alpine regions have the highest albedo in general while forested areas have lower albedo, possibly from surface debris ( Garen and Marks, 2005 ) . In Fig. 5 (b) the higher albedo right at the snow line is an artifact. If the 500 m pixel contains rock (or dust/dirt on the snow), the combination of the snow and rock reflectance lowers the visible reflection and increases the nearinfrared reflectance compared to the reflectance of a pure snow pixel. MODSCAG uses the spectral shape, not the absolute albedo, so the difference between the visible and near infrared reflectance is reduced and the relative shape of the snow spectrum appears similar to fine grain snow.
The histograms in Fig. 5 shows distributions of albedos that range from 0.65 to 0.85. Old, dirty snow can have an albedo as low as 0.4 ( U.S. Army Corps of Engineers 1956 ); shallow mountain or prairie snowpacks can reach 0.3 or lower ( Winther, 1993, O'Neill and Gray, 1973 ) . However, minimum snow albedo derived from MODSCAG for the 12-year record is 0.65 even when we consider May and June. The relatively high albedo values indicate that MODSCAG overestimates snow albedo possibly from impurities and mixed pixels as described above. To account for these impurities we apply a scalar decrease to the snow albedo of 12%. The model does not track new snowfall events, making implementation of the models based on snow age difficult, especially given the accuracy of aging models when compared to actual measurements . Snow course observations described in 5.1 were used to find the optimal value for this calibration. Sensitivity analysis of SWE indicates that a scalar decrease of 11% (i.e., 1% less than used in this study) would result in mean difference for SWE 0 of 12 mm across the study region. Albedo observations from MODSCAG when compared to data from the Mammoth Mountain instrument site in 2014 show a similar bias ( Bair et al., 2015 , UCSB/CRREL 2016 .
Other available MODIS derived albedo include MOD10A1 ( Klein and Stroeve, 2002 ) but the product applies only where snow is the dominant surface, which is problematic given the forest cover in the study area. We suggest using MCD43 ( Schaaf et al., 2002 ) that is currently available at 16-day intervals; however the snow surface changes daily. New products that account for the effect of dust on snow from the MODIS Dust Radiative Forcing of Snow (MODDRFS) algorithm may capture the spatial heterogeneity of the dust forcing not accounted for by the scalar adjustment made here. To be useful this product needs to be combined with clean snow albedo and interpolated in time and space, a difficult task because MODDRFS is only valid on regions that are free of mixing (i.e., less than 5% vegetation in a 500 m pixel). While a scalar adjustment inherently has problems, MODSCAG currently provides the cutting edge of albedo observation for mixed pixels; modeling the snow albedo would likely result in larger errors as compared to measured albedo in the Sierra Nevada ( Bair et al., 2015 ) .
Snow covered area and albedo were not available from MODIS before March 20 0 0. Accumulation at snow pillows for 20 0 0 best matched January 2001 and February 2008 so, snow cover and albedo from those years were used in place of the missing data. This substitution's expected error should be minor, as most of the snow pillows reached their maximum after March 1st in 20 0 0.
Air temperature
The reconstruction relies on a digital elevation model from the Shuttle Radar Topography Mission (SRTM) that has an absolute height error of less than 16 m ( Farr et al., 2007 ) . The interferometric radar method misses elevations in extreme topography, mostly steep river channels, and these holes in the data are filled with elevations from the National Elevation Dataset ( Gesch et al., 2002 ) . The merged SRTM/NED elevations are resampled to 100 m. Air temperature T A was downscaled from 1/8 °NLDAS2 reanalysis data ( Cosgrove et al., 2003 ) to 100 m grid cells using an environmental lapse rate of -6.5 °K/km. In the reconstruction model, the mean daily temperature is calculated for each pixel. Station data in the Sierra Nevada over multiple years show that the typical environmental lapse rate used in this study represent average conditions ( Rice et al., 2011, Lundquist and . The topographic variability of temperature depends on atmospheric circulation patterns ( Lundquist and Cayan, 2007 ) , but in the Sierra Nevada solar radiation affects snowmelt more than air temperature does ( Marks and Dozier, 1992 ) .
Solar radiation
Net solar radiation Q ns is the difference between incoming and outgoing solar radiation S ↓ and S ↑ . Incoming solar radiation S ↓ is comprised of beam B S ↓ and diffuse D S ↓ radiation from the sun, and reflected radiation R T ↓ from surrounding topography. Topography affects these fluxes because of variation in illumination angle and shadowing from local horizons. Incoming solar radiation on a horizontal surface from NLDAS2 ( Cosgrove et al., 2003 , Dubayah, 1992 is partitioned into B S ↓ and D S ↓ using transmittance T , exoatmospheric solar radiation S 0 and μ 0 , the cosine of the solar zenith angle. Transmittance T is:
The partitioning formula ( Erbs et al., 1982 ) has been modified for mountainous terrain ( Olyphant, 1984 ) and uses distinctive relationships between S ↓ and T to determine the beam and diffuse irradiance for cloud, partly cloudy and clear days. Another partitioning formula was tested ( Bristow et al., 1985 ) because of its simplicity and use in other snow studies ( Garen and Marks, 2005 ) , but it produced an unreasonably large diffuse fraction on clear days. ( Dubayah and Loechel, 1997 ) , and corrected with a sky view factor V d ( Dozier and Frew, 1990 ) . θ i is the solar illumination angle on the slope and δ is a binary shadowing mask: Both B x ↓ and F x ↓ are estimated by spatially averaging the partitioned NLDAS2 incoming radiation in a neighborhood centered on the 100 m DEM with a Gaussian filter and a 40 km neighborhood. ( Kasten and Young, 1989 ) .
The formula for airmass includes temperature and pressure. Temperatures were downscaled from 1/8 °using a standard environmental lapse rate, as Section 3.3 describes. NLDAS2 pressures were downscaled with the hydrostatic equation and density.
Then the optical depth τ z at elevation z is estimated assuming a pressure-dependent decrease in direct transmittance. The elevation corrected solar radiation is:
The diffuse irradiance F z ↓ at elevation z is obtained from an empirical formulation ( Dubayah, 1992 ) . M 0 and M z are empirical factors representing the unabsorbed fluxes at reference elevation z 0 and elevation z : ( Gardner and Sharp, 2010 ) . Spatially varying albedo ( Fig. 6 (f) ) is used to calculate the reflected radiation ( Fig. 6 (g) ) and the net solar radiation Q ns ( Fig. 6 (h) ).
Longwave radiation
Net longwave radiation Q nl is comprised of incoming radiation from the atmosphere L A ↓ , incoming radiation from the surrounding terrain L T ↓ , and outgoing radiation from the surface L S ↑ :
L A ↓ is modeled as a gray body with an effective atmospheric emissivity ɛ A and air temperature T A ( Marks and Dozier, 1979 ) :
Using L A ↓ ( Fig. 7 (a) ) along with T A from NLDAS2, we estimate ɛ A for each 1/8 °grid cell ( Fig. 7 (b) ). ɛ A is spatially integrated using a Gaussian moving average filter to account for time-integrated estimates of ɛ A ( Fig. 7 (c) ). Next, L A ↓ at 100 m ( Fig. 7 (d) ) is estimated using Eq. (12) , and the 100 m downscaled T A , assuming ɛ A is constant over each 1/8 °grid cell .
Slopes are accounted for using parameters developed for mountainous terrain: the sky view factor V d and the terrain configuration factor C t = 1 − V d . The snow emissivity, ɛ S is set at 0.99 ( Dozier and Warren, 1982 ) and T S is the surface temperature of the snow. L A ↓ in Fig. 7 (e) and L T ↓ are:
In the forest, longwave radiation is corrected for vegetation using canopy transmissivity, emissivity, and air temperature ( Garen and Marks, 2005 ) . Fig. 7 (f) shows longwave radiation corrected for vegetation.
Outgoing radiation for snow L S ↑ ( Fig. 7 (g) ) is the sum of emitted longwave plus the very small fraction that is reflected from the snow surface. The model does not keep track of the internal energy balance of the snowpack, so T S needed for both L T ↓ and L S ↑ has to be estimated. The minimum of 0 °C and T A is used for each hour. Others have found dewpoint temperature can be more accurate, ( Raleigh et al., 2013 ) but we found that these temperatures when calculated with NLDAS2 specific humidity were too cold and produced little melt. Effective atmospheric temperatures that could be used in place of T A are not available from NLDAS2. Fig. 7 (h) shows
Validation of energy balance components
We validate the downscaled hourly NLDAS2 modeled incoming solar radiation, incoming longwave radiation, and air temperature with ground observations. We also compare outgoing longwave radiation with a finer spatial resolution model that calculates the full energy balance ( Kahl et al., 2014 ) . The final energy balance component, reflected solar radiation, is not evaluated, because it is rarely measured over snow, and at the few sites it is measured in the Sierra Nevada, comparison with the satellite estimate is problematic. At a site in the San Juan Mountains of Colorado, where the measurement site itself well represents the surrounding terrain, the MODSCAG snow albedo had an error of 4.2% when compared to in-situ measurements ( Painter et al., 2009 ). More recent work, at the Mammoth Mountain snow study site ( UCSB/CRREL 2016 ) shows that the mean difference is −10%, very similar to the -12% bias adjustment used in this study. Previous discussion in Section 3.2 addresses errors and adjustments to albedo that would affect the reflected radiation component.
Incoming solar
The CDEC network ( California Department of Water Resources 2016 ) has a good distribution of sensors co-located with snow pillows. CADWR uses LiCor LI200SZ sensors that have a ± 2% drift over one year and an RMS error of 5% when compared to more expensive, higher-precision Eppley PSP instruments. 41 sensors ( Table 3 ) totaling 200 station-years of data (i.e., the average number of years of observations was about five) were used after being filtered for noise and removing years that were not well calibrated. Hourly data were interpolated when sufficient data were available and a mean was calculated for those days.
Incoming solar radiation is generally measured in flat, unshaded locations. Therefore we compare the observed daily incoming solar radiation to the sum F z ↓ + B z ↓ , the spatially integrated and elevation adjusted NLDAS2 values. Fig. 8 (a) shows the comparison of the modeled and observed incoming solar radiation; the color bar indicates the density of points in each location and shows most of the data falls near the 1 to 1 line. Across all stations, the model RMSE is 46 W/m 2 , with mean difference of 5 W/m 2 , (1.3 mm of melt per day). Table 3 shows the statistics for each station; RMSE ranges from 32 to 79 W/m 2 , with mean differences between -41 and + 65 W/m 2 across all stations. Fig. 8 (b) shows the RMSE listed in Table 3 for each location plotted against elevation. The RMSE increases with elevation in a nearly linear way, except for two outliers that have values greater than 75 W/m 2 . Further inspection of those two stations show they appear to be well calibrated, but one (rkc) had frequent dropouts in the mid-morning and mid-afternoon indicating possible shading from nearby canopy. The other (rav) was located in a valley at 1614 m with peaks on the west and east sides over 2300 m so is possibly influenced by topography. The model overestimated incoming solar radiation relative to these two stations ( Fig. 8 (c) ) supporting shadowing of the stations as the explanation. While there is an increasing RMSE with elevation, Fig. 8 (c) shows that the median difference with elevation has no bias with elevation. A lack of bias with elevation helps ensure that the reconstruction model does not systematically over-or underestimate SWE at different elevations.
Incoming longwave
Incoming longwave radiation is measured in fewer locations, is more difficult to measure well, and remains a challenge in mountainous terrain ( Flerchinger et al., 2009 ) . We compare NLDAS2 data against measurements from two stations. Incoming longwave radiation at the United States Coast Guard Pier in Tahoe City, CA is measured with a Kipp & Zonen Net Radiometer, CRN1. It has two CG3 pyrgeometers (5-50 μm) with a specified expected accuracy for daily totals of 10%. A second sensor in the same location is an Eppley Precision Infrared Radiometer (3.5-50 μm) which if well calibrated can measure to within 4 W/m 2 for daily observations ( Colbo and Weller, 2009 ). Data at the second station were obtained from the Western Regional Climate Center in Reno, who used a Kipp & Zonen CGR 3 to measure incoming longwave radiation. Though the Reno station was outside the study area, it was within the modeling domain. Table 4 shows the locations and elevations of the two stations. Fig. 9 shows a comparison of the observed and modeled data. NLDAS2 tends to underestimate incoming longwave radiation for both locations, though less so at the higher elevation site; the mean difference for all three measurements was -30 W/m 2 (7.8 mm/day) with a RMSE of 38 W/m 2 . Table 4 shows the error statistics for each station.
Outgoing longwave
To evaluate how the assumption T S = min ( 0 • C, T A ) (described in Section 3.5 ) might lead to errors in the energy balance, we utilize estimates from a distributed coupled energy mass-balance model, ISNOBAL ( Marks et al., 1999 ) because it estimates the snow surface temperature as part of balance the energy equations. We used the two different estimates of T S for March 1st to July 1st to calculate the outgoing radiation for snow L S ↑ . The RMSE, median, and mean differences between the two methods of estimating outgoing longwave radiation were 4.2 W/m 2 , 8.1 W/m 2 , and 10.4 W/m 2 (2.6 mm/day). The larger mean differences indicate some bigger errors, and visual inspection showed that these errors occurred at the highest elevations. However, error decreased as the melt season progressed from values near 35 W/m 2 early in the year to 0 W/m 2 in mid-May when the snow becomes isothermal nearly everywhere ( Fig. 10 (a) ).
Without modeling the full energy balance, the assumption of T S as the minimum of 0 °C and T A seems to work relatively well. Another alternative, MODIS-derived land-surface temperature ( Wan and Dozier, 1996 ) , could inform snow surface temperatures in canopy free areas. However, in forested areas the product is difficult to use at its 1 km resolution because each pixel contains both snow and trees.
Air temperature
Downscaled air temperatures were evaluated with 35 of the 41 sites used for evaluating solar radiation Table 3 . The scatterdensity plot in Fig. 10 (b) shows the modeled and observed air temperatures. The point density is highest at 10 °C indicating the average air temperature over the entire study area for January 1st to September 30th. Table 3 shows the errors at each station. The mean RMSE for all stations is 2.1 °C with a range of 1.3 °C to 3.7 °C. The mean difference for all stations is -0.2 °C with a range of −2.4 °C to + 2.3 °C. For a degree-day factor of 1.5 mm de g −1 da y −1 , the range of differences translates to -3.6 mm/day and + 3.4 mm/day.
Evaluation of maximum snow water equivalent
The California Department of Water Resources coordinates more than 50 state, national, and private agencies to form the California Cooperative Snow Survey. The snow courses in this program are generally located in small, flat clearings, and they provide data we use to statistically evaluate the model throughout the Sierra Nevada ( Fig. 1 ) . Identifying the exact pixels in our 100 m grid in which a snow course traverses over a ∼300 m transect with ∼10 observations can be difficult. The MODSCAG f SCA product is at 500 m resolution at nadir and significantly larger at off-nadir view. Therefore topographic variability within the pixel contributes to the error as well. Finally, the 100 m pixels may contain forest while the snow courses and snow pillows are in clearings. Therefore, we use pixels within a 3 × 3 cell window of the reported location of the snow course. To address the locational error, statistics are calculated for the mean and "best" cell following previous remote sensing studies ( Painter et al., 2003 ) .
If the model performs well at snow courses, it has some degree of validation for the flat areas, with the difference lying mainly in geometry that topographic calculations in the reconstruction model address. To verify model performance on slopes, we performed snow surveys in 2010 at 10 locations.
Snow courses
Members of the California Cooperative Snow Survey measure snow water equivalent near the first of each month in February, March, and April, and in wet years around May 1st too. For each year for each course, the maximum value is compared to the reconstructed value on that date. Over the 12-year period there were 2645 such snow course observations, an average of 220 per year. Fig. 11 (a) shows the snow course SWE plotted against the best of the 3 × 3 grid of modeled SWE values. The clustering of values along the 1:1 line show that the model performs well. The histograms in Fig. 11 (b) shows that the differences between the modeled and observed values are approximately normal throughout the range of wet to dry, with no bias. The snow course measurements at monthly intervals do not likely occur at the maximum accumulated SWE, but reconstruction can be carried out from any date after the maximum.
The following discussion about Table 5 uses the "best" error from the 3 × 3 grid cell around the snow course. The mean and median values for all years were calculated using the values from each year, because the numbers of observations for each year were nearly identical. Comparisons with seasonal-maximum snow course SWE over all years show an RMSE of 230 mm with a range of 162 to 315 mm ( Table 5 ). The mean difference over all years is 72 mm with a range of −61 to + 171 mm. Raleigh and Lundquist (2012) The combined energy balance-degree day reconstruction model described here had smaller MAE, indicating better performance than the degree-day model specifically calibrated to the Tuolumne and Merced River basins in those two years. This superior performance of models that include energy balance is also demonstrated in another recent study ( Kumar et al., 2013 ) .
Errors related to elevation and latitude
It is important to understand how the model performs through the range of latitudes and elevations to gain confidence in the analysis of the distribution of SWE at maximum accumulation in Section 6 . Of particular interest are systematic under-or overestimates at particular latitudes or elevations. Table 6 shows the errors summarized by 0.5 °increments of latitude and 250 m increments of elevation. With respect to latitude, the mean difference is positive in the North and Central Sierra Nevada reaching 173 mm at 40.5 °N but smaller south of 38 °N with a mean difference of 12 mm at 36.0 °N. The median differences follow the same trend but are smaller in magnitude indicating a few large errors. With respect to elevation, there is no clear trend. The magnitude of the errors by elevation or latitude are too small to significantly change the trends described in Section 6 .
2010 snow surveys
We conducted field snow surveys in 2010 in the mountains west of Lake Tahoe to provide ground-based estimates of SWE in 500 × 500 m 2 grid cells. Thus, each survey covered 25 model cells of 100 m. Snow density was measured in 10 cm increments from the snow surface to the ground in the center of each 500 × 500 m 2 grid cell using a 10 0 0 mL RIP1 cutter, manufactured by Snowmetrics. Using probes, depths were measured along transects in the cardinal directions at 25 m intervals from the center of the snow pit to the edge of the grid element. In the melt season density varies much less than depth ( Lopez-Moreno et al., 2013 ) so we sampled when melt had just begun after peak SWE in the period from April 17 to May 3. Combining the depth and density information yields an estimate of SWE that can be used to validate the retrospective model. We selected field sites where reconstructed SWE differed significantly from SWE interpolated from snow pillows. Each of the sites chosen had a northern or southern aspect to highlight variable solar radiation and was nearly homogenous in slope and aspect and forest cover ( < 15%) to enable the best comparison between satellite and in-situ measurements. The sites all had a slope of about 20 °, enough to affect solar geometry but not so steep as to incur avalanche risk during sampling. Sites were near enough to a road or ski area to enable sampling without an overnight stay in the backcountry. The criteria resulted in seven study areas spanning the American River basin from Castle Peak in the north to Covered Wagon Peak in the south. In the seven study areas we sampled 10 grids in the 2010 water year between April 17th and May 3rd ( Table 7 ) . Elevation and accumulated solar radiation have previously been identified as viable predictors of SWE variability ( Molotch and Bales, 2006 b, Elder et al., 1991 ) . The accumulated solar radiation was summed for January 1st to the date of the survey ( Table 7 ) . Measured snow depth was regressed against elevation (from GPS coordinates), accumulated solar radiation, and the mean value for the set of measurements for each of the 25 modeled 100 m grid cells. The regression relationship for each survey was used along with a 30 m digital elevation model (combined SRTM/NED) and the accumulated solar radiation to predict the depth for every 30 m grid cell within the survey area. With these predicted estimates of depths and density data from the snow pits, the SWE was calculated for the 275 30 m grid cells contained in each 500 m surveyed cell using the following 
ρ s is the density of snow, z is the depth of each measurement, d
is the total depth, n is the number of layers, and d n is the thickness of each layer (10 cm). When snow depth was greater than the depth of the snow pit, the density from the pit measurement at the deepest layer was used. This measurement is called the "predicted SWE" in Table 7 , which also shows the reconstructed SWE. The mean difference when comparing the mean of the 25 100 m surveyed pixels is 106 mm, consistent with result obtained in the snow course comparison. The R 2 value comparing predicted with reconstructed SWE is 0.82. These results confirm good model performance for slopes up to 20 °, which comprise 78% of the area in the HUC8 basins examined in this study. Having gained confidence in the ability of the model to estimate SWE at maximum accumulation, we discuss possible sources of error in Section 5.4 and we analyze the reconstructed SWE in Section 6 .
Evaluation of errors
Theoretically, errors in SWE from the reconstruction are smallest late in the season and as the model runs back to peak SWE the error compiles over time from both inputs in snow cover and energy balance components. However, Raleigh and Lundquist (2012) suggest that in areas with high precipitation uncertainty, such as mountainous regions, the reconstruction provides better estimates of SWE than other methods.
Recent work that explores incoming shortwave and longwave radiation analyzing both the biases and random noise on SWE maritime snowpack are more sensitive to radiation errors than in other climates ( Lapo et al., 2015 ) . We see this manifested as errors in incoming longwave radiation, as detailed in Section 4 where we compared each component of the energy balance except for reflected (outgoing) solar radiation. The largest errors come from incoming longwave ( −30 W/m 2 ), but half of this error is balanced by the positive biases from incoming solar radiation (5 W/m 2 ) and outgoing longwave radiation (10.4 W/m 2 ). In Section 5 we estimated the errors in maximum snow water equivalent and find positive biases that are counterintuitive to the negative bias from incoming longwave. The two possible remaining components are (1) reflected (outgoing) solar radiation or (2) errors from snow cover.
Though the albedo used in this study performs better than models based on snow age, it may have a small bias (too dark) that could explain the positive biases in SWE. An alternative explanation is a positive bias in snow cover because clouds are not always properly discriminated from snow. An overestimate in snow cover would lead to an overestimate in melt especially if the clouds occur late in the season when melt is high. Similarly, maximum SWE can be overestimated if snowfall occurs late in the season after maximum SWE. This extends the snow cover record so melt is calculated over too many days. Other studies have estimated this late snowfall for example as 7% of total SWE in the Upper Rio Grande and in the Sierra Nevada average about 9% of total SWE ( Guan et al., 2013 ) .
In the following section we analyze the distribution of SWE reconstructed to the maximum SWE date with latitude and elevation for regions and basins in the Sierra Nevada. On average this SWE is 70 mm more than SWE reconstructed to April 1.
Distribution of snow water equivalent
In this section, the relationship of SWE at maximum accumulation with elevation and latitude is explored for the Sierra Nevada as a whole. Next, the relationship of SWE at maximum accumulation with elevation is explored for the Sacramento, San Joaquin, Tulare, and Lahontan drainages, followed by the 18 HUC8 basins within them ( Fig. 1 ) . Finally, the relationship of SCA and SWE at maximum accumulation is examined. For the analyses in Sections 6.1 -6.3 , we use the SWE at maximum accumulation for each pixel ( Section 3.1 ), while for Section 6.4 we use the SWE reconstructed to each calendar date in order to match the snow covered area observations. In Section 6 , we refer to SWE at maximum accumulation as simply, SWE. 
Whole Sierra Nevada
Elevation
The mean SWE in 100 m elevation bands (independent of latitude) for each of the 12 years that vary from dry to wet was calculated to examine the relationship of SWE with elevation. Fig. 12 (a) shows that SWE increases in a linear trend with elevation and then decreases above a threshold elevation ( Table 1 ). The steepest slopes at the highest elevations do not hold snow well, wind redistribution is more prevalent there, and an orographic effect levels off as the mountain barrier gives way to lower elevations on the leeward side of the ridge. Orographic ( Lundquist et al., 2010 ) and atmospheric moisture ( Feld et al., 2013 ) has been studied in the Sierra Nevada, so we focus specifically on the model results herein.
The reconstructed SWE shows that wet years, like 2011 and 2006, show a greater increase of SWE with elevation than dry years, like 2007, because in wet years storms continue through April and May when the snowline is higher. The largest deviation from the linear trend is at 1900 m the elevation at which Lake Tahoe lies. This elevation band is highly influenced by Lake Tahoe that does not freeze and cover with snow in the winter. Fig. 12 (b) shows how SWE values for each year differ from the mean for all years with respect to elevation. There is less variability at lower elevations because these elevations generally have less snow. In 2003 (orange) and 2005 (light blue) colder temperatures at 1500 m result in snowier winters at these low elevations and significant SWE anomalies. Fig. 12 (c) shows the total SWE volume summed for each elevation and the inset shows the distribution of area with elevation. Moderate and lower elevations are important, because they cover a large area. The maximum volume for 11 of 12 years occurs near 220 0 m, 40 0 m above the mean elevation (black line) for the Sierra Nevada. 2001, a dry year, had a wet winter and dry spring leading to average SWE volumes at low elevations. In contrast, 20 0 0, a mean year, had a dry winter and wet spring leading to dry conditions at low elevations.
In summary, the differences in weather patterns and the distribution of area with elevation combine to shape the SWE depth and volume distributions. Fig. 13 (a) shows mean SWE in 0.5 °increments of latitude for each of the 12 years. SWE increases with latitude in both wet and dry years when all latitudes are considered, but north of 37 °in wet years this pattern is less evident. Positive anomalies correspond to high elevation bands at those latitudes, particularly evident for the Kings River basin between 37 °and 37.5 °N. A negative anomaly at 38 °corresponds to a large valley in the Crowley Lake basin, and one at 39 °corresponds to Lake Tahoe. Fig. 13 (b) shows how SWE values for each year differ from the mean SWE for all years with respect to latitude. Variability is smallest in the south where SWE depth is the smallest and increases moving northward until 38 °where it stabilizes. At latitudes north of 38.5 °, the absolute difference from normal is greater for wet years than dry. Fig. 13 (c) shows the total SWE volumes for latitude bands from 35 °to 41 °. The effect from Lake Tahoe is seen as a large dip at 39 °. The SWE volume differences in Fig. 13 (d) are similar to those of SWE in Fig. 13 (b) but larger north of 37.5 °where the area balances slightly lower contributions from SWE expressed as a depth.
Latitude
Sacramento, San Joaquin, Tulare and Lahontan
Section 6.1 explores the relationship of SWE with elevation and latitude for the entire Sierra Nevada. However, regional differences, which cannot be explained by looking at the Sierra Nevada as a whole, are explored here for the four drainages. Fig. 14 repeats the analysis shown in Fig. 12 for the four drainages shown in Fig. 1. 
SWE depth and threshold elevation
In the Sacramento drainage, SWE ( Fig. 14 (a) ) increases linearly with elevation to 3100 m followed by a small decrease. The rate of increase of SWE with elevation is larger than the Sierra Nevada as a whole ( Fig. 12 (a) ) possibly from the Sierra Barrier Jet ( Lundquist et al., 2010 ) that is blocked by the Southern Sierra and channeled northward. With these storms that can be more frequent in the Northern Sierra Nevada, the Sacramento drainage does not reach a threshold elevation. Possible explanations include that relative to the rest of the Sierra Nevada there are lower wind speeds, denser snow with warmer temperatures, more vegetation, and less rugged topography.
In the San Joaquin drainage, SWE ( Fig. 14 (e) ) increases linearly with elevation from 800 m to about 2500 m in wet years. For elevations above 2500 m, SWE increases with elevation but at a reduced rate to the threshold elevation at 3700 m. For mean or dry years the initial increase from 800 m to 2500 m is at a lower rate than wet years. SWE drastically decreases above the threshold elevation.
In the Tulare drainage, SWE ( Fig. 14 (i) ) increases linearly from 800 m to the threshold elevation at 3700 m. The variability of SWE with elevation for wet and dry years is smaller than for the San Joaquin at elevations below 30 0 0 m.
In the Lahontan drainage, SWE ( Fig. 14 (m) ) increases linearly from 1500 m to 30 0 0 m. From 30 0 0 m to the threshold elevation at 3500 m, SWE values are constant, similar to the plateau seen in the San Joaquin. Above the threshold elevation at 3500 m, SWE decreases but not as drastically as for the San Joaquin and Tulare drainages. The increase in SWE from 3900 m to 40 0 0 m can be attributed to the Crowley River basin, described later in Section 6.3 .
Fig. 14 , column 2 shows how SWE values for each year differ from the mean for all years with respect to elevation. SWE values in the San Joaquin, Tulare and Lahontan drainages have similar patterns of differences from the mean with small values at low elevations, large values for moderate elevations, and smaller values at the highest elevations. SWE differences from the mean are less pronounced in the Tulare drainage at lower elevations than in the San Joaquin or Lahontan drainages. SWE differences in the Lahontan are less dependent on elevation while in the Sacramento there are increasingly larger differences with elevation ( Fig. 14 (b) ) reaching up to ± 800 mm SWE at 3200 m. For all four drainages the greatest differences of SWE from the mean occur at the or near the threshold elevation.
SWE Volume
In the Sacramento and San Joaquin, the largest SWE volumes ( Fig. 16 (c,g) ) are at 1800 and 2500 m, respectively, a few hundred meters higher than the mean elevation for each region. SWE volumes in the Tulare ( Fig. 14 (k) ) are bimodal in the wet years at 2700 m and 3400 m, but nearly constant in the dry years. The bimodal or constant SWE volumes can be attributed to the fact that the Kings and Kern each have 2 forks that follow different accumulation patterns (see Section 6.3 and Fig. 15 (g) ). SWE volumes in the Lahontan ( Fig. 14 (o) ) are largest at 2500 m near the mean elevation for the region, in contrast to the basins that face west.
The largest absolute differences from the mean SWE volumes are in the Sacramento ( Fig. 14 (d) ), but the ones in the San Joaquin ( Fig. 14 (h) ) are similar in total volume because of the larger elevation range in which the differences occur. The more arid Tulare and Lahontan ( Fig. 14 (i and p) ) have moderate volume anomalies. The large volume anomalies seen in the Sierra Nevada in 2003 (orange) and 2005 (light blue) described in Section 6.1.2 and shown in Fig. 12 (d) can be attributed almost solely to contributions from the Sacramento ( Fig. 14 (d) ) where the lower elevations and higher latitudes have a larger effect on the snow line. In 2006, when average temperatures were 7 °warmer in the Sacramento than in 2003, the San Joaquin, Tulare, and Lahontan contributed larger total volumes of SWE.
In summary, the SWE and SWE volumes in the four drainages help explain the patterns seen in the Sierra Nevada as a whole. In different drainages, the distributions of elevation and area combine to produce different patterns of total volume from year to year. Some of the patterns may be better understood through analyses of the individual patterns in the basins that make up each region.
Basins
In this section the relationship of SWE with elevation for basins within each of the four drainages is explored. The mean SWE for the 12-year period in each basin is used for the analysis ( Fig. 15 ) in contrast to Sections 6.1 and 6.2 where we show all 12 years. In the North, SWE increases by 900 mm for every km of elevation (900 mm/km). Moving southward, in general the rate decreases all the way to the Kern River basin where SWE increases by 300 mm for every km of elevation (300 mm/km). This parameter is often used in hydrologic modeling to distribute precipitation from station data.
Rates of increase in SWE with elevation are similar (900 mm/km to 700 mm/km) for the three basins within the Sacramento region ( Fig. 15 (a) ) and the three most northern basins in the San Joaquin region ( Fig. 15 (b) ). In the Feather an inflection in the rate of increase in SWE at 2400 m is caused by an orographic effect attributed to Mt. Lassen. The Feather reaches a threshold elevation at 2900 m, while the American, Yuba, Cosumnes, Mokelumne, and Stanislaus do not reach an elevation threshold ( Table 1 ) . Starting with the Tuolumne (600 mm/km), the rate at which SWE increases with elevation progressively decreases moving southward to the Merced, San Joaquin and Kings Basins (400 mm/km) and elevation thresholds appear in all the basins. SWE values in the Tuolumne and San Joaquin basins reach a plateau at 2500 m and 30 0 0 m, respectively, corresponding to the plateau seen in the San Joaquin region ( Fig. 14 (e) ). The threshold elevations for the Tuolumne, Merced, and San Joaquin basins are near 3700 m.
In the Kern, which flows southward bounded by crest of the Sierra Nevada on the East and the Great Western Divide on the West, SWE increases with elevation at a rate of 300 mm/km from 120 0 m to 30 0 0 m before more than tripling to 10 0 0 mm/km from 30 0 0 m to 3750 m (the threshold elevation), a rate only surpassed in the Feather River basin. SWE in the Upper Tule and Kaweah ( Fig. 15 (c) ) have a hybrid-like behavior of the Kings and Kern. The Tulare region's threshold elevation seen in Fig. 14 (i) better matches the Kern and Kings whose influence dominates due to the large area relative to the Kaweah and Tule.
On the eastern side of the Sierra in the Lahontan, SWE increases at a rate just under 700 mm/km in the Carson, West Walker, East Walker, and Crowley River basins before reaching threshold elevations at 30 0 0 m, 310 0 m, 320 0 m, and 360 0 m, respectively ( Table 1 ) . These progressive threshold elevations combine to cause the plateaued SWE in the Lahontan drainage, seen in Fig. 14 (m) . The Crowley Lake basin is located east of the San Joaquin River basin with a natural gap in the Sierra Nevada, where moisture is not blocked or precipitated out by higher elevations. This explains the increase in SWE above 3900 m in the Lahontan region ( Fig. 14 (m) ) and the reason why the Mammoth Mountain Ski Area is located at the top of this basin. Lake Tahoe is included in the Truckee River basin because it drains into the Truckee River near Tahoe City. It has a convexly increasing rate of SWE with elevation from 1900 m (lake level) to its threshold elevation at 2500 m. For river basins that show a range of SCA between wet and dry years best exemplified by the Kern, the relationship between SCA and SWE has the potential to help estimate SWE from real time observations of SCA. In fact prior research has shown that even in the American River basin depletion curves can be derived from maximum SWE ( Shamir and Georgakakos, 2007 ) .
Snow-covered area and snow water equivalent
We calculate the SCA and SWE volume in each river basin for each year from March 1st to August 1st. Fig. 17 shows the SCA and SWE volumes on April 1st (top) and June 1st (bottom) grouped by drainage. 12 points are plotted for each basin, one for every year. On April 1st in basins such as the Feather, there is a large range of both SCA and SWE, while in other basins such as the Yuba, the range of SCA is small compared to a larger range in SWE. The Yuba has a SWE volume range of 1.5 km 3 and SCA range of 500 km 2 on April 1st, while the Feather has a SWE volume range of 4.5 km 3 (3 × Yuba) and a SCA range of 50 0 0 km 2 (10 × Yuba). Two months later in the melt season, on June 1st, the range of SCA for the Yuba doubles and SCA becomes a better predictor of SWE for the Yuba as well as other basins.
To test the relationship of SCA and SWE through time, the R 2 statistic is calculated from March 1st to July 1st for each basin using the 12 years of data. Fig. 18 shows the R 2 statistic consistently increases in value from March 1st to July 1st in each of the four drainages. Moving from March 1st to April 1st, the error related to accumulated melt lowers and at lower elevations, SWE will likely have reached its maximum. The rise in elevation of the snow free area becomes a measure of the SWE depth with elevation as SCA will decrease more rapidly in drier years than in mean years because of the proportionally smaller SWE with increasing elevation. For wet years, if snow is still falling late in the season at moderate to high elevation, the snow line may remain stable. In the month of April, some complicated dynamics result in constant or decreasing R 2 values. In wet years or years with late SWE accumulation, basins are still accumulating snow, possibly more so at the higher elevations while SCA may remain relatively unchanged if storms are warm or alternatively could increase if storms are cold. In dry years or years with early SWE accumulation, the snow line is likely moving up in elevation but may have reached a critical SWE where the SCA is not changing drastically. The relatively constant R 2 values in the lowest and highest elevation drainages support this hypothesis. In the lower elevation Sacramento region, SCA is mainly decreasing and new storms are likely to add snow to only the highest elevations. In the Lahontan because of the high elevations, temperatures are colder and most basins are likely to receive snow in storms, keeping the relationship from early in the season intact. Basins in the San Joaquin and Tulare drainages have the largest elevation ranges ( Table 1 ) and complicated dynamics between SWE and SCA.
In May the number of storms contributing substantial SCA or SWE is significantly less than earlier months, and as temperatures warm, the complicated dynamics turn to simpler melt dynamics allowing SCA to become a stronger measure of SWE than previously. After June 1st the storms contribute little to SWE or SCA, and melt progresses to the highest elevations where SWE differs the most among years ( Fig. 14 , column 2) . SCA becomes an almost perfect predictor of remaining SWE with R 2 values near 1. The lower value in the Sacramento in June can be at least partly attributed to cloud misidentified as snow visible in Fig. 4 which would bias the SWE values on these dates.
The R 2 relationship suggests that SCA improves as an indicator of total SWE volume from March through July. For ungauged basins a historical database of SWE from reconstruction along with SCA could be used to predict SWE relative to previous years. Given the similarity of the curves for the 18 basins, the relationship between SCA and SWE is robust, regardless of the range of SCA ( Figs. 16 and 17 , x-axis).
Conclusion
In situ observations of snow do not provide adequate spatial coverage in the Sierra Nevada because they do not sample slopes or the highest elevations. The reconstruction model provides a spatially distributed estimate of maximum snow water equivalent for each pixel independently over the whole range, allowing the calculation of basin-wide water volumes. Estimates of declining SWE after the maximum accumulation are also available, but estimates during the accumulation part of the season are not. Model output from 12 years of data shows the ability to accurately estimate the maximum accumulation at snow courses as well as on slopes, though error analysis shows small overestimates on average. The model uses available satellite-derived inputs that could be used to drive real time models. MODIS data are available worldwide, NLDAS data are available only for the continental US, but a similar product, GLDAS, is available worldwide at twice the spatial resolution. Though the model relied on ground data for maximum SWE dates, maximum SWE differed little from April 1 SWE indicating the model is applicable to regions without such data, such as the Hindu Kush or Himalaya.
In the Sierra Nevada, the reconstruction model shows that above a threshold elevation, snow accumulation levels off or decreases in the San Joaquin, Tulare and Lahontan drainages while in the Sacramento accumulation increases to the highest elevations except in the Mt. Lassen area. The distribution of SWE with elevation and latitude depends on temperatures and timing of the storms. Between drainages there is a significant difference in the relationship of SWE with elevation and the patterns of anomalies from year to year that likely depend on storm tracks' relation to the basin's orientation. Within drainages, accumulations in individual basins can differ substantially or they can be similar. This study has helped to resolve which relationships, such as SWE with elevation, may be transferable between basins.
For river basins in the Sierra Nevada, the relationship of SCA and SWE is fairly robust for determining the relative amount of accumulation, further simplifying our predictive capabilities and demonstrating the possibility for real-time SWE estimates. Furthermore, the relationship of SWE with elevation derived from this study can be used as way for water managers to understand the distribution of SWE at elevations above snow pillows and snow courses.
